background: Research and surveillance work addressing ectopic pregnancy often rely on diagnosis and procedure codes available from automated data sources. However, the use of these codes may result in misclassification of cases. Our aims were to evaluate the accuracy of standard ectopic pregnancy codes; and, through the use of additional automated data, to develop and validate a classification algorithm that could potentially improve the accuracy of ectopic pregnancy case identification.
Introduction
Ectopic pregnancy is the implantation of an embryo outside the uterine corpus. It is a potentially serious acute medical condition that can lead to substantial future reproductive morbidity, including subsequent ectopic pregnancy and infertility (Barnhart, 2009) .
The public health burden of ectopic pregnancy in the USA has remained largely unevaluated for nearly 20 years. Major shifts in practice and treatment patterns, principally more use of medical treatment and care in ambulatory settings, have impaired the accuracy of the hospital discharge-based national surveillance sources (Centers for Disease Control and Prevention, 1995; Zane et al., 2002; Hajenius et al., 2007) . The defined populations and electronic databases available in many US health plans and in other countries can help address this information gap and contribute to epidemiological research and surveillance. However, a remaining limitation is that reliance on the cases identified using standard diagnosis and procedure codes is likely to incorporate error. For example, these same codes are often applied to multiple types of utilization aside from diagnosis, including rule outs, follow up or when noting a history of a disease outcome or condition (Tu et al., 2007; Lix et al., 2008; Hoover et al., 2010; Yu et al., 2010) . Undertaking medical record review to validate cases is labor-intensive and costly and, in some instances, medical records are not available. In many healthcare settings, the increasing availability of more detailed automated information on treatment, procedures, utilization and other aspects of care associated with a diagnosis may provide opportunities to improve the accuracy of ectopic pregnancy case identification.
The aims of this study were to evaluate the predictive value of ectopic pregnancy diagnosis and procedure codes available from automated health plan databases, and, through the use of widely available additional data elements, to develop and validate a case identification algorithm that could improve the accuracy of ectopic pregnancy case selection from automated data.
Materials and Methods

Study settings
This study was conducted at Group Health Cooperative (GH), headquartered in Seattle, Washington and at Kaiser Permanente Colorado (KPCO), headquartered in Denver, Colorado. Both US health plans are integrated delivery systems with multiple electronic databases, including an electronic medical record (EMR), that document enrollees' health care. These two plans also are members of the HMO Research Network (HMORN), a collaborative network of 15 US health care plans that provides care to 13 million enrollees nationwide. The HMORN has developed shared resources to be used for research and clinical care improvement, including administrative data files constructed at each HMORN site using standardized data dictionaries and shared data extraction protocols (Platt et al., 2001; Vogt et al., 2004; Go et al., 2008) .
All study procedures received human subjects review and approval at each institution.
Selection of potential ectopic pregnancy cases
Initially, from a pool of ectopic pregnancy cases identified at GH for an earlier investigation (Trabert et al., 2011) and based on funds available, we randomly selected 280 potential ectopic pregnancy episodes occurring in women aged 15 -44 years, selected for the years 2001 -2006 . Diagnoses and procedures were captured from the inpatient, outpatient and external claims databases. A potential ectopic pregnancy visit was defined as one or more of the following: an outpatient clinical visit record or hospitalization discharge with an International Classification of Diseases, 9th Revision, Clinical Modification (ICD-9-CM) diagnosis code of 633.x; a hospitalization with an ICD-9-CM procedure code for removal of ectopic fetus (66.0x, 66.62 or 74.3); or an outpatient visit with a Current Procedural Terminology-4 (CPT-4) code indicating ectopic pregnancy surgical treatment (59120, 59121, 59130, 59135, 59136, 59140, 59150, 59151) (Table I ). Multiple ectopic pregnancy-coded visits within a 180-day period were considered part of the same episode. The diagnosis date was defined as the first visit date with relevant diagnosis/procedure codes in the 180-day episode window. Subsequently, again based on available funding, a random sample of 500 potential ectopic pregnancy cases occurring from 2002 to 2007 in the KPCO population was identified by applying the GH programs and using the HMORNshared data dictionaries.
Data collection
Using the health plan EMRs, we conducted chart reviews to verify case status using a brief structured abstract form and trained abstractors. We collected information on the diagnosis at the index date. If the episode was determined to be ectopic pregnancy, we collected additional information on treatment and sites of clinical care. If the potential case was not ectopic pregnancy, information on the diagnosis at the index date was recorded along with why the ectopic code was present.
At GH, we identified potential predictors of ectopic pregnancy from automated data for the classification algorithm development. For each potential ectopic pregnancy episode, all of the individual ectopic pregnancy diagnosis and procedure codes were evaluated as potential predictors to be included in the algorithm (Table I ). In addition, we identified 22 other variables available from the automated datafiles as potential predictors of ectopic pregnancy (listed in footnote, Fig. 1 ). These included age at ectopic pregnancy diagnosis; other diagnosis and procedure codes such as ovarian cyst or salpingectomy; medical treatment with methotrexate; site of care (ambulatory versus inpatient) and laboratory data such as pregnancy testing and serial hCG. Sources of these data included the pharmacy records (prescription fills), enrollment, laboratory, utilization and claims data. Using the additional variables identified from the health plan databases, we performed a classification and regression tree (CART) analysis to develop a case-finding algorithm at GH (Breiman et al., 1984) . The CART analysis creates an algorithm by using a binary recursive partitioning strategy that classifies individuals as having or not having a true ectopic pregnancy on the basis of a set of predictors (Breiman et al., 1984) . The model builds a decision tree that, at each partitioning step, evaluates all potential binary splits based on all possible predictors and then partitions the sample into two subgroups at the optimal split, defined as the split resulting in the best predictive accuracy. All cases in each subgroup are classified either as a true case or not a true case. The binary splitting of the data is repeated for each remaining subgroup until the optimal decision tree (algorithm) is developed. The CART analysis was performed using 'rpart' package in R version 2.9.2 (www.r-project.org) (R Development Core Team, 2011). The algorithm performance was summarized by calculating the algorithm sensitivity (percentage of medical record-confirmed cases that were correctly classified as ectopic pregnancy by the algorithm), specificity (percentage of cases determined not to be ectopic pregnancy by chart review that were correctly classified by the algorithm), PPV (percentage of cases classified as ectopic pregnancy by the algorithm that were medical record-confirmed cases) and negative predictive value (NPV, percentage of identified cases classified as not ectopic pregnancy by the algorithm that were determined not to be cases from medical record review). We calculated the 95% CIs for these performance measures based on a binomial distribution. We also calculated the algorithm misclassification proportion, that is, the percentage of all ectopic pregnancy cases that Examples of other conditions that were diagnoses for non-ectopic cases include normal or high-risk intrauterine pregnancy, spontaneous abortion, ovarian or corpus luteum cyst, and leiomyoma. EP, ectopic pregnancy; EP episode, the 180-day interval following the first date with an EP code. (a) In addition to the three predictors that comprise the final algorithm, other potential predictors that were evaluated and were not incorporated into the final model included: year of diagnosis; age at diagnosis; the occurrence of each individual EP diagnosis or procedure code; a normal intrauterine pregnancy diagnosis and/or procedure code after the EP index date; any spontaneous abortion diagnosis and/or procedure code after the EP index date; any ovarian cyst code after the EP index date; any other non-EP diagnosis code occurring on any EP diagnosis date in an EP episode; any inpatient visit during an EP episode; any ultrasound performed during an EP episode; any pelvic/transvaginal ultrasound or obstetrical ultrasound performed during an EP episode; any pelvic computerized tomography or magnetic resonance imaging performed during an EP episode; number of pregnancy tests in an EP episode; any positive pregnancy test in an EP episode; number of hCG tests in an EP episode. (b) In boxes with EP, 'N (%) not true EP' refers to cases that were misclassified by the algorithm as EP when they were not true EP. (c) In the Not EP box, 'N (%) true EP' refers to cases that were misclassified by the algorithm as not EP when they were true EP.
Statistical analysis
were incorrectly classified by the algorithm, and compared this with the percentage of ectopic pregnancy cases that were incorrectly classified when relying solely on the standard ectopic pregnancy diagnosis and procedure codes. Those potential cases with insufficient information in the medical record to determine true case status and those with uncertain case status after record review were excluded from the code evaluation and algorithm development. Once we had developed and evaluated the algorithm at GH, we then applied the final algorithm to the KPCO validation set to assess its performance and generalizability to a separate population. The algorithm performance was assessed in the same way as at GH.
Results
The results of the medical record reviews of the 280 potential cases in the GH development set and the 500 potential cases in the KPCO validation set are summarized in Table II . After exclusion of those with insufficient information and uncertain case status, 242 potential ectopic pregnancy cases in the GH development set and 443 in the KPCO validation set were included in the analyses.
Accuracy of ICD-9/CPT-4 diagnosis and procedure codes for ectopic pregnancy
Of the 242 potential ectopic pregnancy cases identified at GH using the ICD-9/CPT-4 codes, medical record review confirmed 165 as true cases (PPV ¼ 68%, 95% CI 62-74%). At KPCO, 357 of the 443 available potential cases were confirmed (PPV ¼ 81%, 95% CI 77-84%) (Table II) .
Ectopic pregnancy case classification algorithm
The CART analysis identified three main predictors from the larger group of variables that were assessed in the GH development set ( Fig. 1) : the number of visits with an ectopic pregnancy code during an episode; receipt of a tubal pregnancy code and receipt of methotrexate therapy. The strongest predictor was having at least two visits with an ectopic pregnancy diagnosis or procedure code within the 180-day ectopic pregnancy episode window. Of the 242 potential cases in the development set, 132 had two or more visits with one of these codes and thus were classified as cases by the algorithm. Only 9 of these 132 potential cases (6.8%) were not true cases based on medical record review and so were misclassified by the algorithm (Fig. 1) . Thus, nearly 93% were correctly classified at this node in the tree. The remaining 110 potential cases were further classified as true ectopic pregnancy by the additional variable of an ICD-9-CM code for tubal pregnancy (633.1, 633.10, 633.11) and, lastly, by receipt of methotrexate treatment, as shown by moving down the tree in Fig. 1 .
The sensitivity and specificity of the algorithm at both sites were excellent: 93-95 and 81%, respectively (Table III) . The PPV and NPVs, respectively, were 91-96% and 79-84%. The algorithm's performance for the development and validation sets, relative to relying solely on the diagnosis or procedure codes for ectopic pregnancy, is summarized in Table III . When relying on the diagnosis/procedure codes to identify potential cases, 32% of potential cases at GH and 19% at KPCO were determined not to be true cases based on medical record review. In contrast, applying the case-finding algorithm with the additional predictors, the proportion of misclassified ectopic pregnancy cases decreased to 11% at GH and to 8% at KPCO. It should be noted that these proportions are not entirely analogous. The error accompanying use of the diagnosis/procedure codes is all in the direction of potential cases from the codes that are found not to be true cases on review; the algorithm misclassification, however, encompasses error in labeling a case as ectopic pregnancy when record review determines her not to be a case (as with the diagnostic codes) and labeling a potential case as not ectopic pregnancy when record review has determined a woman is indeed a case. Thus, in the latter instance, the misclassification can go in both directions.
Discussion
Ectopic pregnancy is a potentially serious medical condition that may result in serious morbidity, and there is evidence from recent evaluations that its public health significance may not be diminishing (Van Den Eeden et al., 2005; Hoover et al., 2010; Trabert et al., 2011) . As with many health conditions, research and surveillance activities 59121, 59130, 59135, 59136, 59140, 59150, 59151. addressing ectopic pregnancy may be advantaged by relying on automated health plan data (Centers for Disease Control and Prevention, 1995; Van Den Eeden et al., 2005; Hoover et al., 2010; Mol et al., 2010) . Most recent estimations of ectopic pregnancy rates relying on automated data are based on use of the diagnostic and procedure codes we initially used to identify potential cases (Sewell and Cundiff, 2002; Calderon et al., 2005; Van Den Eeden et al., 2005) . However, a potential limitation of these diagnosis and/or procedure codes is that they are likely to incorporate error. Our medical record review of cases selected using automated codes found that 19-32% of these potential cases were not true cases. A more accurate case-finding strategy thus has the potential to enhance future investigations of ectopic pregnancy. Using CART analysis, we developed and validated a case-finding algorithm for ectopic pregnancy that substantially improved the accuracy of automated case selection. The algorithm had excellent sensitivity and specificity, PPV and NPV and performed well when applied to a population separate from that used for the algorithm development. The algorithm was simple and incorporated predictors that are now widely available in many health care system databases.
The CART methodology we investigated offers a number of advantages. It is a non-parametric approach that makes no assumptions as to the underlying distribution of values of the predictors or the relationships between predictors and the ectopic pregnancy outcome (Breiman et al., 1984 , Van den Bruel et al., 2007 . Furthermore, all possible interactions between potential predictors and all possible cutpoints for categorical or continuous variables are evaluated at each branch of the decision tree to find the optimal, most accurate splitting criteria. The classification algorithm is readily interpreted and can be applied to other settings and data sets that include the variables that comprise the algorithm. In this study, the algorithm developed at one site performed well when applied to a separate study population.
A limitation of this study was that, as a pilot project, the available funds only allowed for selection and record review of a relatively small development set at GH. This may account in part for the differences in PPV at the two sites, as may different prevalence and coding practices. Fortunately, additional funding for a larger validation set in a second health plan allowed for further assessment of both the algorithm performance and generalizability (Bleeker et al., 2003; Barnhart et al., 2010) . Evaluating the extent to which true ectopic pregnancy cases occur in the absence of receiving an ectopic pregnancy code also was beyond the scope of this project; we only identified potential cases that had received ectopic pregnancy codes. Further research validating the diagnosis and procedure codes and the algorithm in different populations and, optimally, with larger samples is needed.
To our knowledge, this is the first study to evaluate the accuracy of using standard diagnosis and procedure codes to identify ectopic pregnancy cases from automated data and to develop and validate a casefinding approach for refining automated case identification. Our results suggest that use of the algorithm may contribute to more accurate assessment of the public health burden of this condition and to ongoing surveillance and epidemiological research in this area. As these two health care plans are members of a nationwide consortium that can share programming and data elements across sites, this algorithm can be applied in these settings, which cover 13 million US enrollees. Given the wide availability of the variables identified, the algorithm is likely to be more broadly applicable, as well.
